In the development of scallop cultivation in Japan, larvae collection and propagation become an important factor. Although the monitoring program has been conducted, modeling of species distribution is becoming an important tool for understanding the effects of environmental changes and resources management. This study was conducted to construct a model for providing estimation of the scallop larvae distribution in Funka Bay, Hokkaido, Japan using the integration of remote sensing, Regression Quantile (RQ) and Geographic Information System (GIS)-based model. Data on scallop larvae were collected during one year spawning season from April to July 2003. Environmental parameters were extracted from multi sensor remotely sensed data (chlorophyll-a and sea surface temperature) and a hydrographic chart (water depth). These parameters together with larvae data were then analyzed using RQ. Finally, spatial models were constructed within a GIS by combining the RQ models with digital map of environmental parameters. The results show that the model was best explained by using only sea surface temperature. The highest larvae densities were predicted in a relatively broad distribution along with the shallow water regions (Toyoura and Sawara to Yakumo) and the deeper water areas (center of the bay). The spatial model built from the RQ provided robust estimation of the scallop larvae distributions in the study area, as confirmed by model validation using independent data. These findings could contribute on the monitoring program in this region in order to distinguish the potential areas for an effective spat collection.
INTRODUCTION
The most important scallop species in Japan is Mizuhopecten yessoensis, also known as the giant ezo scallop ("hotate-gai" in Japanese). This is a cold water species living in the northern areas of Honshu Island, Hokkaido and the south of Okhotsk Sea, where the main cultivation areas are located (Kafuku & Ikenoue, directed effort to collect wild scallop spat and then grow the spat to marketable size using several culture techniques (Uki, 2006) .
As a part of the development of scallop cultivation in Japan, larvae collection and propagation are becoming an important factor. To support this cultivation industry, an extensive program for monitoring natural larvae abundances and spat collections has been carried out, for example in Mutsu Bay (Ventilla, 1982) . This program enables culturists and researchers to investigate the scallop resources and distributions. Although monitoring program has been conducted, modeling of species distribution is becoming an important tool for conservation, resources management and understanding the effects of environmental changes (Austin, 2007; Vaz et al., 2008) . Models can be constructed through an understanding of the habitat requirement and the association with ecological processes of the species, either direct or indirect factors.
With respect to modeling species distribution, Guisan & Zimmermann (2000) and Austin (2007) have described and compared the methods for modeling species environmental niche or geographical distribution, whether plants or animals. General Linear Model (GLM) and Generalized Additive Modeling (GAM) were commonly a used method for species distribution modeling which were based on central tendency (mean or median). Although they provided valuable insights, these do not recognize the need to define the type of functional response based on ecological theory (Cade & Noon, 2003; Austin, 2007) . In order to reflect the ecological aspect of the limiting factors on species distribution, this study used Regression Quantile (RQ). The statistical concepts behind RQ have been well described (Koenker & Hallock, 2001; Yu et al., 2003) . RQ can be used to model limiting relations for ecological factors by estimating change near the upper limit of data distributions (Cade et al., 1999; Cade & Noon, 2003) . Recently, the applications of RQ on ecological studies have increased as a way of predicting a more complete range of species' responses to environment conditions (Cade & Guo, 2000; McClain & Rex, 2001; Dunham et al., 2002; Eastwood et al., 2003; McClain & Crouse, 2006; Vaz et al., 2008) .
Geographic Information System (GIS) and
Remote Sensing (RS) are increasingly used for mapping spatial aspect of the development and resources management. Both GIS and RS technology are also used to define geographic framework, specify environmental constraints and identify resources limitation (Stead et al., 2002) . Commonly, RS has become an important source of data used in GIS analysis. By using this technology, it can reduce the amount of field sampling and increase the spatial and temporal coverage of estimations. A combination of this technology would be a cost-effective and valuable tool for mapping, spatial planning and managing natural resources. Spatial predictive modeling (combined GIS based-models and empirical technique) are now routinely developed to study spatial and temporal species distributions and their habitat (Eastwood et al., 2003; Eastwood & Meaden, 2004; Vaz et al., 2008; Bekkby et al., 2008) . In the present study, an integration of RS, RQ and GIS were used to construct a model for providing estimation on the scallop larvae distributions. The RQ model was constructed based on estimated of the limiting effects imposed by a number of key environmental factors.
METHODOLOGY

Study Area
Funka Bay was the area chosen to develop the model (Figure 1 ). It lies between 42 o 00'-42 o 35' North and 140 o 18'-141 o 00' East, with a mean and maximum depth of 38 m and 107 m, respectively. The bay has a 2,315 km 2 surface area, and a 195 km coastline, and is connected to the northwest Pacific Ocean through a 30 km wide shallow sill in the east part of the bay. Sea surface temperature in the bay varies from <5 o C in March to >20 o C in August-September (Radiarta & Saitoh, 2008) . Salinity is relatively stable, ranging from 31 to 34‰. Chlorophyll-a levels are very high during the spring bloom in March, but relatively low (< 1 mg m -3 ) during summer (Radiarta & Saitoh, 2008) . Water in the bay is replaced twice a year by the inflow of Tsuguru warm water from autumn to winter and Oyashio water (a subartic oceanic water mass) from spring to summer (Ohtani, 1971; Ohtani & Kido, 1980) . The unique of hydrographic and current systems around the bay provide a favorable environmental condition for marine aquaculture development. Scallop and kelp are widely cultivated by individuals, companies and fishermen associations. The bay is also a walleye pollock nursery ground (Honda et al., 2004) . 
Scallop Larvae and Environmental Data
The period of larvae collection in Funka Bay usually coincides with late spring to early summer (May to July; Ito, 1991) . Data on scallop larvae (digital maps) in this study were obtained from Hokkaido Hakodate Fisheries Experimental Station thro ugh its website (http:// www.fishexp.pref.hokkaido.jp/exp/hakodate). These data were collected weekly during cruise of the R/V Kinsei Maru from April to July 2003. The methodology used to collect and analyze the larvae is described in detail by Baba et al. (2009) . In brief, the larvae were collected using a plankton net (300 mm diameter; NXX-13,95 µm mesh) hauled vertically from 15 m depth to the surface. The filtration rate of the plankton net was considered to be 100%. The planktonic larvae were counted under a profile projector, and then identified. The density of larvae was calculated as number of larvae per ton seawater. Data of scallop larvae were imported into GIS as a vector point data through digitizing process. To standardize the analysis or mapping on this point data, these data were counted for an area of 1x1 km 2 , and all data then combined into monthly based (Table 1; Figure 2 ).
Three environmental parameters which have high influence on scallop growth, such as sea surface temperature (SST), chlorophylla (chl-a) and water depth, were chosen (MacDonald & Thompson, 1985; Emerson et al., 1994; Grant, 1996; Bacher et al., 2003) . These parameters were extracted from several sources of data (multi sensor remotely sensed data and a hydrographic chart). SST data were derived from MODIS (Moderate Resolution Imaging Spectroradiometer)-Aqua sensor as level-2 data with 1 km resolution from the Distribution Active Archive Centre Goddard Space Flight Centre National Aeronautic and Space Administration (DAAC/GSFC/NASA). Daily images with good coverage were collected from April to July 2003. Monthly composed SST images were computed by averaging all available images in each month. Monthly SST values were then extracted based on larvae sampling stations.
Chl-a data were derived from SeaWiFS (Seaviewing Wide Field-of-view Sensor) as level-2 data with 1 km resolution from DAAC/GSFC/ NASA. The chl-a images were processed using the SeaWiFS chlorophyll algorithm Ocean Color 4 version 4 (OC4v4) (O'Reilly et al., 1998) . Daily images with good coverage were selected for In the case of images covered by cloud, these were replaced using the distance weight interpolation (a raster based interpolation). Monthly chl-a values were then extracted based on larvae sampling stations.
A hydrographic chart from the survey map o f the Japan Hydrographic Department (1:150,000) was scanne d o n a Cano n (CanoScan FB62OU) scanner with 200 dpi resolution, edited in Adobe Photoshop version 5.5 (a raster format image-editing software), and imported into GIS software. The image was digi-tized using on-screen digitizing to produce bathymetric feature (point data). The Triangulated Irregular Network (TIN) technique was used to create a raster bathymetric map. Water depths for the larvae sampling stations were then extracted.
Regression Quantile Model
The ecological applications of RQ have been used only recently (MacClain & Rex, 2001; Eastwood et al., 2003; Cade & Noon, 2003; Vaz et al., 2008) . Cade & Noon (2003) describes the RQ for ecologists and presents many new possibilities for the statistical analysis and interpretation of ecological data. De- Dashed line indicates the extent of the study area tails of the statistical theory behind RQ have been reported elsewhere (e.g., Koenker & Hallock, 2001; Yu et al., 2003) . Briefly, RQs are the linear model equivalent to one-sample quantiles in which they allow data distribution to be split into quantile classes range from 0-1 (e.g., 0.5 = 50 th RQ). One-sample quantile is extended to regression by minimizing a function of absolute error loss. The 50 th RQ is equivalent to Least Absolute Deviation (LAD) where 50% of the observation are less than and 50% greater than the estimate. LAD regression estimates the conditional medians in a linear model, and is opposed to Ordinary Least Squares (OLS) which estimates conditional means. Any quantile can be estimated conditionally on the linear model y = X + v(X), where y is a vector of n x 1 dependent responses (e.g., scallop larvae),  is a vector of p x 1 unknown regression parameters, X is a matrix of n x p predictors (first column consists of ones), v (.) > 0 is some known function, and  is a vector of n x 1 vector random error that are independent and identically distributed (Cade et al., 1999) . To estimate RQ parameters, the BLOSSOM statistical software program was used (Cade & Richard, 2005 ; available at: http:/ /www.fort.usgs.gov/products/software/blossom/). Levels of significance and Confidence Intervals (CI) were also evaluated within quantreg package of R using rank-score test statistic which is appropriated for models associated with a heterogeneous error distribution.
The models were estimated through all levels of RQ from the lower to higher quantiles (5 th to 95 th quantiles) in order to provide distribution-free prediction interval for a single new sample location. To reduce heteroscedasticity in data and to limit the effect of heterogeneous error distribution model (Cade & Richard, 2005) , parameters estimation were based on ln(y+1) transformed larvae density (as the dependent variable). pointed out that weighted quantile regression may be more appropriate for non-homogeneous data, but is computationally difficult to implement. Instead, we used data transformation to reduce the heteroscedasticity in our data. The RQ models were therefore constructed to transformed data and subsequently transformed back into the original scale. All environmental parameters, i.e. water depth, chl-a and SST, were included in the initial analysis as independent variables. The significance of each parameter was evaluated over the lower and higher quantiles. The parameter indicating no significance, taken over the range of quantiles, was then removed. If in case over more than one quantiles are significant (P< 0.05), the highest quantile was chosen as the model to represent larvae density imposed by the environment. In the analysis, we assumed that the effects of the parameters are multiplicative instead of additive. Indeed, a multiplicative model is more relevant than an additive model with regard of limiting factors.
To compare the models and assess whether the selection procedure resulted in an appropriate model, the Akaike's Information Criterion (AIC) values were calculated and compared to a number of alternative RQ models. The AIC for RQ models was calculated as (Hurvich & Tsai, 1990; :
where n is the number of observations and SAF ( ) is the weighted sum of absolute deviations minimized in estimating the th RQ with p parameters. Absolute differences (AIC c ( )) between AIC c () value for the simple model ( 0 ) and for the complex models were computed. The model that has the minimum is usually indicated as the best model. Coefficient of determination (R 1 ) was also calculated to measure of goodness-of-fit of RQ models. Note we refer R 1 and not R 2 (least squares equivalent), because RQ minimize absolute not squared deviation. The R 1 was calculated as (Cade & Richard, 2005) :
where SAF and SAR are the weighted sum of absolute deviations for full ( 0 +  1 +  2 +  3 ) and reduced ( 0 ) parameters models, respectively.
Constructing the Spatial Predicted Mode l
A prediction spatial distribution model of larvae density for Japanese scallop in Funka Bay was developed by recoding the environmental parameter maps using the predicted larvae density obtained from the final RQ model. The predicted map was created in ArcGIS ® v.9.2 (The Environmental System Research Institute, USA). All spatial data used in the GIS models were built on a WGS 84 UTM zone 54 North coordinate system.
The use of remote sensing, regression quantiles ... (I Nyoman Radiarta)
Model Validation
Model validation was based on direct comparison between predicted and observed scallop larvae. From the total available larvae survey stations, 33 stations were randomly selected and further used as validation data set (Table 1) . To make a comparison, environmental values (such as water depth, chl-a and SST) associated with larvae survey stations were calculated using the RQ model to obtain a set of predicted larvae density. The correct validation of the model for estimating limiting effects was assessed by proportion of observed values in validation data set that fall below or located upper those predicted (Eastwood et al., 2003; Vaz et al., 2008) . For example, if the habitat model was developed from a 95 th RQ, then for the test to be successful, at least 95% of all observed values should fall below those predicted. On the other hand, if 5 th RQ, then at least 95% of all observed values should be located upper than those predicted.
The values predicted by the RQ model are lower or higher than most of the observed values, therefore statistical correlation of the Spearman's rank correlation coefficient (r s ) was preferred as it does not assume a linear relationship between variables (Vaz et al., 2008) . The successful test would be expected by a positive and significant correlation between observed and predicted larvae density.
RESULTS AND DISCUSSIONS
A summary of the results used to develop the RQ model is given in Table 2 . Within each month mean larvae densities were generally increased from April to June, with the highest in June and then decreased in July. The mean SST was gradually increased from 3.44 o C in April to 13.10 o C in July, whilst chlorophyll was highest in May. Figure 3 illustrates the environmental preferences observed for Japanese scallop larvae. Larvae densities were generally highest within water of approximately less than 50 m depth, at chlorophyll greater than 0.4 mg m -3 and at SST between 7-13 o C. Regression coefficients of all environmental parameters are shown in Figure 4 . Depth regression coefficient was found to be overlapped with zero in a number of cases, i.e. quantiles < 30 th and > 85 th , whereas for chl-a regression coefficient, quantiles were found to be overlapped with zero at all range of quantiles. Only SST regression coefficients were found to be nonzero at all the RQ. This initial analysis highlighted how the value of the regression estimates may vary over the range of all quantiles (Figures 4 a-d ).
Model Specification and Prediction
As depth and chl-a were not retained as an explanatory parameters within RQ model, only SST was considered in the model. The model of best fit arrived by using only SST parameters as independent variable, and it was based on ln transformed larvae density as dependent variable. The 95 th quantile was the highest quantile and indicated significant for this model (P < 0.001). This quantile also achieved the best model which was indicated by the lowest value (Table 3) . Estimates for the 95 th RQ were b 0 (intercept) = 3.436 (90% CI = 1.788-5.012) and b 1 = 0.343 (90% CI = 0.209-0.515). These estimate parameters for the RQ model were chosen to represent the limit of scallop larvae distributions in Funka Bay, which was. The model was associated with an R 1 of 15.96% (Table 3 ). The R 1 value reflects the amount of data scatter around the RQ line.
Indonesian Aquaculture Journal Vol.6 No.2, 2011 The final map of predicted larvae densities for Japanese scallop obtained from the 95 th RQ model in Funka Bay is shown in Figure 5a . In addition, we also mapped the surface area based on the lower (5 th ) RQ model (Figure 5b) , in order to assess potential differences between models based on the upper and lower estimates. The models appeared visually similar, in which for all cases the highest larvae densities were predicted in a relatively broad distribution along the shallow water regions (Toyoura and Sawara to Yakumo), and the deeper water areas (center of the bay). The models based on upper quantile clearly predict a higher density of scallop larvae compared to the lower quantile models (Table 4 ). The upper model predicted larvae density of 650-850 number of larvae per ton was found to be dominant and occupied more than half of the study area (53%). Approximately 42% of the study area had predicted larvae density of >850 number of larvae per ton. Given the ideal environmental condition, predictions from upper RQ model (95 th ) tends to describe potential patterns of species distributions, which might overestimate species density and distribution to illustrate the species maximum abundance.
Quantile Model Validation
In the model validation, 33 independent data were selected randomly in order to avoid the special correlation on the dataset. The result shows that direct comparison between Indonesian Aquaculture Journal Vol.6 No.2, 2011 198  predicted and observed larvae densities models were observed to pass the correct classification test successfully, and provided a good estimation (Table 5; Figure 6 ). Based on the four selected quantiles, statistical correlations between predicted and observed larvae densitie s we re po sitive ly co rre late d with Spearman's rank correlation (r s ) of 0.65 (P< 0.001, n= 33; Table 5 ). Proportion of observed larvae densities based on 5 th and 95 th quantiles were about 100% higher and about 97% less than those predicted, respectively. Meanwhile, proportion for the 25 th and 75 th quantile were about 81.82% either less or higher than those predicted, respectively.
Discussions
Scallop is one of the main important cultivated shellfish in Funka Bay, Hokkaido. The future development and sustainability of scal-lop aquaculture in this bay, would depends on a number of factors, including environmental condition, availability of larvae supply (spat collections), spatial and temporal scale of the culture and management strategies. Data on scallop larvae have been accumulated for a long time by many investigators, since the information about spawning and the occurrence of planktonic larvae are required for effective spat collections. Spat collection is one of the success factors of scallop aquaculture in the bay. In some areas where scallops are cultivate d (i.e ., Mutsu Bay, Japan; 41 o 04'N, 140 o 59'E), a monitoring program for scallop larvae and the environmental parameters has been conducted, with a variety of forecasting techniques including gonad index, cumulative water temperature and size composition of the swimming larvae (Ventilla, 1982; Lovatelli, 1988) . This monitoring program has three main The use of remote sensing, regression quantiles ... (I Nyoman Radiarta) Larvae densit y/mapped surface area objectives which are prediction of larvae settlement time, larvae density, and monitoring of the larvae distribution. Through this program, the best location for settling the collectors could be determined. In site selection decision, the larvae should be available within the vicinity of the selected sites (Lovatelli, 1988; Hardy, 1991) .
In this study, remotely sensed data were used extensively for extracting environmental parameters. Three environmental parameters (water depth, chl-a and SST) were selected and used for modeling larvae distributions. These parameters were found to be related to the distribution of scallop larvae from April to July, 2003 (Figure 3) . Several studies have shown the influences of these parameters to the larvae distribution either on shellfishes (Tremblay & Sinclair, 1990; McClain & Rex, 2001; McClain & Crouse, 2006) or on fishes (Dunham et al., 2002; Eastwood et al., 2003; Vaz et al., 2008) . A high density of scallop larvae was observed within shallow water regions (approximately less than 50 m depth; Figure 3a ). This condition was similar with those reported previously by Ventilla (1982) , where scallop larvae were concentrated between 5-15 m with a slight migration downward during the day and upward at night. Scallop relies on phytoplankton and suspended detrital matter as food. Phytoplankton biomass is responsible for supplying natural food, and chl-a was used as an indicator of this biomass. Other information on specific food items utilized by scallops in their natural habitat is limited. However, in hatchery industry, typical phytoplankton cells were used for feeding scallop larvae in-Indonesian Aquaculture Journal Vol.6 No.2, 2011 200 cluding Monochrysis lutheri, Chaetoceros calcitrans, Isochrysis galbana, Phaeodactylum t ricornut um , Dunaliella t ert iolect a, Rhodomonas sp. and Gymnodium spendens (Lovatelli, 1987) . The variability of SST influences the scallop larvae spawning season ( Table 2 ). The spawning of this species usually occurs in March and April when the water temperature rises from 5 to 10 o C (Kafuku & Ikenoue, 1983; Ito, 1991) . The influence of water temperature was also reported by Eastwood et al. (2001) when they studied the spatial variation in spawning habitat suitability for the sole (Solea solea) within the eastern English Channel and southern North Sea.
In our model, scallop larvae distribution was constructed based only on SST (Table 3; Figure 5) . Water depth and chl-a are also important factors affecting the scallop growth/distribution (Grant, 1996; Bacher et al., 2003 , Baba et al., 2009 , however, these parameters indicated no significant, and in some cases their CI were overlapped with zero ( Figure 4) . Furthermore, besides the environmental parameters that we considered, other factors might influence the scallop larvae distribution, such as wind condition and water current. Water current is also thought to contribute towards larvae transport and movement either shellfish larvae (Peña et al., 1996; Maeno et al., 2002) or fish larvae (Shimizu & Isoda, 1997; Honda et al., 2004) . Honda et al. (2004) suggested that coastal current plays an important role in the movement of juvenile walleye pollock from the Funka Bay spawning ground to the Doto nursery ground along the Pacific Coast of Hokkaido. The occurrence of the anti cyclonic eddy in the center of Funka Bay and extended horizontally over the entire bay area during summer has influenced the transport and distribution of scallop larvae in the bay (Takahashi et al., 2004) . Figure 7 shows an evidence of the development of the anti cyclonic eddy in the center of bay using the SST image on June 6, 2003. The present of the anti cyclonic eddy in the center of bay coincided with high larvae density (Figures 2c and 4 ). In addition, wind condition also influenced water circulation in Funka Bay (Inoue et al., 2000) . A strong, seasonal southeasterly wind usually blows for a few days during the planktonic larvae phase (May) in Funka Bay (Baba et al., 2009) . This event influences the densities of scallop larvae along the bay. In addition of scallop larvae, Shimizu (1997) noted that the transport process of walleye pollock eggs in Funka Bay has also affected by the combination of the predominantly northwesterly winds and the bottom topography of the bay. Using winds data obtained from National Climatic Data Center through Live Access Server at NOMADS with 0.25 o spatial re so lutio n (http:// nomads.ncdc.noaa.gov:8085/las/servlets/ dataset), high larvae density occurred in June ( Table 2 ) and mostly distributed along the coast (Figure 2c) were observed during northwesterly wind direction (Figure 7) . Winds forcing seem to influence the distribution of scallop larvae by affecting the water circulation (Takahashi et al., 2007) and productivity in the bay (Shimada et al., 2000) .
RQ has several advantages for species distribution modeling. Since RQ was applied in ecology relatively recently (Cade & Noon, 2003) , many ecologists still remain unaware. By estimating the upper bounds of speciesenvironment relationship, these have enabled detection of the effect on limiting factors of species responses. Cade et al. (1999) suggested that an upper RQ provide an approximate which is more consistent with the ecological theory of limiting factors than by estimation through the center of data distributions. In this study, by modeling the upper bound (95 th quantile), the scallop larvae model has successfully estimated the limiting effects of environment on larvae density, and highlighted the importance of the environmental parameters. The highest larvae densities were found along the coastal areas (Toyoura and Sawara to Yakumo), and the deeper water areas (center of the bay) ( Figure 4) . A prediction map produce from the upper quantile model was intended to describe not only the actual pattern, but also the potential pattern of species distribution (Eastwood et al., 2003; Vaz et al., 2008) . Potential distributions describe areas where the environmental conditions were suitable, as opposed with real distributions, which was the region of the potential distributions where the species actually occurs (Vaz et al., 2008) .
The model performed relatively well under the validation test using 33 randomly0selected samples from four different months (April to July 2003). These validation data represented a snapshot of environmental condition at a certain time. Based on the selected quantile mod-els (10 th , 25 th , 75 th and 95 th ), the test has performed successfully, because most observed values fall below and located upper the predicted values (Eastwood et al., 2003;  Figure  6 ). Furthermore, positive and significant correlation was achieved when testing using Spearman's rank correlation (Table 5 ). This correlation provided an assessment of general correlative trends.
CONCLUSIONS
This study has demonstrated the use of remotely sensed data, RQ and GIS approaches to obtain the spatial predictions and potential distributions of scallop larvae. The model estimated indicates consistency with ecological theory of limiting factors through relationship between species abundances and environmental variables. The model of scallop larvae distribution developed in this study was far from definitive, particularly the larvae distribution which was based on a single spawning season and limited environmental parameters. Annual variation of abundance scallop larvae could potentially lead to difference model output. Furthermore, environmental data used in this study (chl-a and SST) were extracted from remote sensing data which indicated surface value rather than bulk value. However, the model does represent a methodology to achieve more reliable prediction map of scallop larvae density from a difference source of data and limited number of environment parameters available. The modeling techniques presented here have practical and relevant benefits for resource management and habitat conservation. Based on the proportion total mapped areas, it indicated that Funka Bay has potential habitat for scallop larvae. Finally, the result from this model could assist fishermen (or FCAs) to distinguish the potential areas of scallop larvae in order to be used for an effective spat collection.
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